We seek to measure the function of the switching model in estimating the value at risk for the formation of index portfolios. The switching model is explicitly designed to solve the risk managers' problem who do not trust a particular value-at-risk model and allows the model to compute the value at risk in different times and conditions. In this study, predictive methods such as EWMA, historical simulation, Monte Carlo and constant variance model will be discussed. This approach is explicitly designed to predict managers' predictive problems who do not contingent their estimates for a specific VaR model, and allows the estimated model to change over time. This approach assumes that investors at any point of time use only the historical information available to select a model, and the choice of model is based on a pre-determined selection criterion, and then the selection model is used to predict value at risk in another date. The results of the research indicate that the switching model is highly desirable compared to other models over time.
Literature review
The existence of an active and prosperous capital market is one of the hallmarks of the development of countries at the international level. In such countries, much of the capital required to carry out economic activities, through financial markets, between investors and economic entities, needs financial resources. Meanwhile, active participation of people in financial markets will ensure the life of this institution and sustainable development of the country. The entry of individuals in these markets requires a two-stage process called "asset analysis" and "Portfolio Management". Hence, many attempts have been made by researchers to select the right asset for investing and how to set up and control a set of assets.
In financial econometrics, recognizing and predicting dependencies in second torque is important for many reasons. Today, various studies have shown that financial fluctuations change over time and between markets and assets. Understanding such behavior by using a multivariate model can better guide us in identifying and acquiring applied models, in order to examine the behavior of individual assets independently. This issue can help in decision making in a variety of dimensions, such as asset pricing, portfolio management, pricing options, risk management, etc. For this purpose, the present study seeks to model and achieve a model that can be used to make better decision-making.
The main issue in this study is the accurate calculation of value at risk. We assume that the distribution of portfolio returns is distributed independently and (iid), and has a normal distribution. If we display the returns of the portfolio with a random variable X then:
X~NID(μ, σ 2 )
Using quantum definition (P(X ≤ x α ) = α) VaR Formula can be obtained. According to the normal distribution formula: P(X < x α ) = P ( X − μ σ < x α − μ σ ) = P (Z < x α − μ σ )
When value-at-risk values are always updated with different models, we can improve the predictive value of the risk based on the "predictive switching strategy". This approach is explicitly designed to predict the predictive problems of managers who do not estimate their estimates for a specific VaR model, and allows the estimated model to change over time. This approach assumes that investors at any point of time only use historical information available to select a model, and choosing a model is based on a pre-determined selection criterion, and then the selection model They are used to predict value at a later date. For example, the loss function can be the criterion for choosing a specific model in the prediction strategy of switching, this criterion reflects the potential risk problem. That is, the value-at-risk model has the lowest loss at any given time. When risk managers switch from model to model with new empirical evidence, they are moderating the model dynamically to reflect the latest market effects, in the hope that value-at-risk estimates also In the same way, it will improve. Compared to the Bilio and Pelizzon regime switching approach (2000) , which switches between different distributions / different regimes, our switching prediction model is switched between alternative valuedriven value models. Our approach is simply implemented, and in value literature, there is a new danger.
Peter Volar, in 1999, to assess the value of exposures to loan portfolios to examine the dynamics of interest rate structure in order to accurately estimate the value at risk. He used historical simulation approaches, Monte Carlo simulations, and covariance methods to estimate ten-day value. The results of his research indicate that the combination of variance-covariance and Monte Carlo simulation using better than normal distribution results. In this method, the combination of variance is obtained through the Monte Carlo simulation approach and with the distribution of t-student and the seismic of the way covariance method to estimate the value at risk. The method of time structure of the interest rate with the distribution of t-student gives the worse results. (Volar, 2000) Pahaque and Fender (2001), in their study, argued that although the existence of widespread sequences in financial data is an essential feature, and the use of metric risk method with the assumption of normal distribution does not take into account this feature, the cause Extensive and frequent reviews of this model. They argue that one reason for this is due to a very short time horizon for predictions. Another reason is that selecting a significant level at the time of calculating VaR has mainly led to the use of these models easily and only with the coefficient of oscillation in a constant coefficient for this purpose. (Faizabadi, 2008) Roy (2002), investigate three types of one-to-three-year securities, one to eight years, and eight more years in Indian securities, it came to the conclusion that, in a situation where the distribution of securities returns is widespread, The VaR parametric method, based on the assumption of the normal distribution of returns, provides an estimation of the risk of risk false. Using the GARCH model (1.1),
As previously explained, this model uses past-time data to estimate the value of a future exposure risk. The method of computing value at risk in this model is that in a given time period, which is 100 days in this research, sort sorting is sorted by using the sort sort of data. Given the desired error level (in this study at two levels of error α = 1% and α = 5%), the lower percentage of the arranged intervals of the preceding (historical) interval is VaR% α.
We move one day forward according to Rolling Window function. That is, the n-day interval is composed of n-1 data replicated in t-day VaR , and the historical data of t-day. We now calculate VaRt + 1 in the same way. This process continues until the end of the day.
This process is performed for all indicators throughout the study period.
Monte Carlo method
In this method, for calculating the value at risk, first 100-day interval is selected. In this time interval, the mean and variance (μ and ) are calculated. In order to produce a scenario in which 10,000 scenarios are considered in this research, it is necessary to convert the mean and variance numbers into matrices. Therefore, the numbers μ and  are calculated in matrices with dimensions (1 * 10,000) with a value of one multiplicity. Now, by putting the matrices obtained in the following formula, the yield is produced with a standard normal distribution.
R+= μ + dz. 
Now it is necessary to calculate the normal random number (dz). A normal random number is generated by the following statement. dz = norminv (rand (10.000))
This means that at first, 10,000 rand are generated between the 1-0 range, then standard norminv () random numbers are standardized, and a Z number is generated for each one. Now that dz is a dimensional matrix (10,000 * 1), we put it in the above formula, and 10,000 returns are generated with a standard normal distribution randomly. Now, according to the above-mentioned method for the error level α% (in this research, α = 1% and α = 5%), the value is computed.
We proceed one day forward according to the Rolling Window method, and the value is exposed at the risk of a new day (t + 1) with n-1 returns and returns on the t-day.
We will continue to do so until the end of the day, and for each day, an estimated value is estimated. This operation is repeated for all indicators.
EWMA method
As we know, parametric methods, such as different types of estimation of conditional fluctuations, differ in the calculation of the  method. Since the purpose of this study is not to compare the different types of parametric methods, only the EWMA model is represented by these different 
models.
As we know, in a normal distribution of the z-number from the formula:
= −
In estimating the value at risk, the goal is to estimate Ri at α %, which is, with other variables of the equation, Ri is estimated. Therefore, the formula VaR is calculated as follows:
VaR=µ+z
As it is stated, the difference in parametric methods of estimating the value at risk is due to the difference in the calculation of their variance. In EWMA, the variance is calculated as follows:
According to the risk metric, the adjustment number is λ equal to 94%. For each day, the variance is calculated by the above method. Thus, for the first 100 days, the gain of μ is obtained and  the 100th day with the formula (28-3), and we put it in formula ) and the value is computed in the risk. According to the Rolling Window rule, we move one day forward and thus, for all days of the study period, value is computed. We repeat this for all indices.
Constant variance method
This model is a basic model for calculating value at risk. For the first 100 days interval, the mean and variance (μ and ) are calculated. Then these variables are computed in the formula for calculating the value at risk and the value is computed in the risk.
VaR=µ+z
The variance is calculated by the formula:
Each of the models presented so far has its own advantages and disadvantages. Each model of computation of the value at risk that the researchers have achieved is, in certain circumstances, the best model. Our goal in this research is to provide a model that has the flexibility and general application in different market conditions. For example, some models are well responsive in terms of stress and crisis and have high accuracy. Others are better at normal market conditions and ... The purpose of the proposed switching model is to provide a model for organizational decision makers who do not have to use only one method to calculate VaR, but it can be created that managers can use each model's potential at any moment. This ability to replace the model in different conditions is provided by the switching model.
Switching model
In this model, for each indicator, all VaR calculation methods, which are the historical method, Monte Carlo, EWMA, and constant variance, are valued at the risk based on the 4-week initial interval. Then we evaluate the accuracy of each model using the following function:
Then we define the sum of errors as a function of cumloss.
= ∑ =1
On the t day, when the switching model is to decide which initial model to use, the cumloss function of all the initial models is computed. That model, which has the lowest total error for the last 4 weeks, is selected as the superior function, and the VaR value estimated by that model for the next day is the same value at the risk of the switching model.
Then, using the Rolling Window, we move forward one day. In the new range, the same operation will be repeated, and this will continue until the end of the studied period in the research. Then, through the steps outlined above, there will be five risk-worthy time series with a series of real-time returns.
Now, to test the research hypotheses and find the best model, we test the output of each of the models. In the first step, it is necessary to test the suitability and efficiency of the model. In order that, the Kupic test is used.
In the next step, if the model during the study period had the optimal performance to estimate the value at risk, then the Lopez rating criterion is used to identify the best model.
After that output of each model, will be tested. First, the overall performance test will be evaluated by models. Then models that have acceptable performance will be compared to the Lopez benchmark. Finally, using the Dyubold Mariano test, the statistical accuracy of the results will be verified.
Research findings
To conduct this research, 30 companies were selected from Tehran Stock Exchange (TSE), which estimated the research requirements. The following table shows the symbols of these companies: The geometric returns were calculated for each of the indices. The table below shows the trend of portfolio performance changes over the ten years since 2007 to 2017. The descriptive statistics of the portfolio's returns are as follows:
In the historical simulation model, at first a part of the data (in this 100-day interval) is selected and the data are sorted by sort command in MATLAB software, and the value at risk for that period was calculated. Then, with the sill window method, it moved on the returns and the value at risk was calculated for subsequent periods. Finally, the value of exposed exposures was compared with that day's returns. If that day's efficiency is lower than the value at stake, it means that the model failed to adequately cover the risk that day.
For the Monte Carlo simulation method, first select 100 primary yields, and the mean and its variance are calculated to produce random numbers with the historical data specification using the Monte Carlo method. For this purpose, 10,000 random numbers are generated that have a mean and variance similar to that of historical data. With these generated numbers, value is expected to be at risk for the next period. The same is repeated for all studied courses, as shown below, shows the value of computed risk for different periods.
In the EWMA model, the value at risk for the first 100 days is calculated using the method described in the previous chapter.
For a constant variance model, the mean and returns are calculated for the first 100 first data and calculated by putting it in the formula mentioned in the previous sections, the risk value is calculated for each day.
Finally, for the switch model, we compute the value at risk by defining an initial filter to identify the models that had a better performance in the previous periods. In fact, this method does not introduce a specific model for calculating value at risk, but by identifying the best 
Conclusion
The test output shows that all models except the constant variance model are approved to estimate the value at risk for this index and at this level of error. Therefore, the constant variance model does not have the required 1% error level and thus the results obtained from the Lopez test cannot be reliable.
Unconditional Coverage Test (Kupiec) for the top 30 companies at the 5% level is as follows:
The distribution of 2 nd K at an error level of 5% with a degree of freedom will be equal to 3.8415. Therefore, if the output number obtained from the unconditional cover test is larger than this, then the H0 assumption will be rejected.
The test output shows that all models are approved for estimating the risk value for this indicator and at this level of error.
The purpose of this study is to estimate the value of risk in the Switching model, which means that VaR estimates can be used in different situations and situations in the market. For this reason, in Chapter two, the basics for understanding the concept of value at risk are stated. In the third chapter, the research methodology used in this study was explained. The predictive model of switching at any point of time faces the problem of choosing an estimate from alternative estimates. When the value-at-risk estimates are constantly updated with different models, we can improve the predictive value of the risk based on the "predictive switching strategy". This approach is explicitly designed to estimate the predictive problems of managers who do not qualify their estimates for a specific VaR model, and allows the estimated model to change over time. This approach assumes that investors at any point in time use only the historical information available to select a model, and choosing a model based on a predetermined selection criterion, and then selecting the model They are used to predict value at a later date. For example, the loss function can be the criterion for choosing a particular model in the prediction strategy of switching, this criterion reflects the potential risk problem. That is, the value-at-risk model has the lowest loss at any given time. When risk managers switch from model to model using new empirical evidence, they are modulating the model in a dynamic way to reflect the latest market effects, in the hope that the estimation of the value at risk is also In the same way, it will improve. Compared to the Bilio and Pelizzon regime switching approach (2000), which switches between different distributions / different regimes, our switching prediction model is switched between alternative value-driven value models. Our approach is simply implemented, and in value literature, there is a new danger. Based on the assumptions of the Diebold Mariano test, if the test statistic absolute value at the error level of 1% is greater than 2.58 (2.58 <| s |), the hypothesis H_0 is not verified, so the prediction of the two models has a significant difference. As can be seen, for all of the research indicators, at a 99% confidence level, there is a significant difference between the prediction of switching with the other model. On the other hand, if the test statistic absolute value is larger, shows a greater difference. According to the above Based on the assumptions of the Diebold Mariano test, if the power of the test statistic at the error level of 5% is greater than 1.96 (1.96 <| s |), the hypothesis H_0 is not verified, and therefore the prediction of the two models has a significant difference. The table above shows that the prediction of switching model in all research indicators has the most difference with the model of historical simulation.
